Evaluation of the performance of the parameterization schemes used in the WRF model is assessed for temperature and precipitation over Europe at 36 km by 36 km grid resolution using gridded data from the ECA & D 0.25° regular grid. Simulations are performed for a winter (i.e., January 2015) and a summer (i.e., July 2015) month using the two way nesting approach. A step-wise decision approach is followed, beginning with 18 simulations for the various microphysics schemes followed by 45 more, concerning all of the model's PBL, Cumulus, Long-wave, Short-wave and Land Surface schemes. The best performing scheme at each step is chosen by integrating the entropy weighting method 'Technique for Order Performance by Similarity to Ideal Solution' (TOPSIS). The concluding scheme set consists of the Mansell-Ziegler-Bruning microphysics scheme, the Bougeault-Lacarrere PBL scheme, the Kain-Fritsch cumulus scheme, the RRTMG scheme for short-wave, the New Goddard for long-wave radiation and a seasonal-variable sensitive option for the Land Surface scheme.
Introduction
The Advanced Research Weather Research and Forecasting model (ARW-WRF, hereafter WRF) [1] is a nonhydrostatic mesoscale numerical weather prediction system, that includes a wide range of physical parameterizations and it can be initialized either by data from a GCM or by reanalysis data. It is an ideal tool for studying phenomena that require high spatial resolution. WRF applications only use a single set of parameterization schemes due to the computational cost of running all possible combinations. Choosing the best performing set of parameterizations is challenging because their performance is highly spatial and time dependent. A significant number of studies have been conducted, exploring WRF sensitivity to different parameterization schemes e.g., [2] [3] [4] [5] [6] .
Mooney et al. [2] evaluated the sensitivity of WRF to several parameterization schemes for regional climates of Europe over the period 1990-1995. Their results for temperature show a significant dependence on the land surface model, while averaged daily precipitation levels appear to be relatively insensitive to the longwave radiation scheme chosen. They conclude that modelling precipitation is problematic for WRF with biases of up to 100%. Borge et al. [3] studied WRF sensitivity over the Iberian Peninsula for two 1-week periods in the winter and summer of 2005. Their findings suggest that no particular scheme or option produces the best results for all the statistical parameters and/or geographical locations examined. The optimum configuration they provided for the model is based on aggregated performance. Bukovsky and Karoly [4] examined how different land surface models and cumulus schemes affect precipitation over North America for May, June, July, and August over the period 1991-1995. Their results showed that precipitation was sensitive to the choice of land surface model and cumulus scheme, emphasizing the importance of testing WRF output for sensitivity to parameterizations for regional climate modelling applications. Jin et al. [5] also presented a sensitivity study of four land surface schemes in the WRF model over the western US. Their simulation period covered a year from 1 October 1995 to 30 September 1996, resulting in acknowledging the strong effect that land surface processes have on temperature and their poor effect on precipitation which is overestimated by the model. Flaounas et al. [6] examined how convection and planetary boundary layer (PBL) parameterization affect the sensitivity of WRF in a study of the 2006 West African monsoon. Their results show that PBL schemes have the strongest effect on the vertical distribution of temperature, humidity, and rainfall amount, whereas precipitation variability is particularly sensitive to convection parameterization schemes.
The objective of this study is to assess the sensitivity of WRF parameterizations over Europe at a 36 × 36 km grid cell resolution and produce a final parameterization combination that performs best for the whole European region. The long term purpose of this study is to calibrate the RCM to its best possible performing set up in order to be used for downscaling GCM data.
Method

Modelling Domains and Initialization
The Weather Research and Forecasting (WRF) [1] version 3.7.1 is used, here, to dynamically downscale the ENSEMBLES daily gridded observational dataset (E-OBS) [7, 8] in a nesting approach over Europe in order to assess the model's sensitivity to different parameterization set ups by examining its ability to reproduce spatial patterns of the mean temperature and precipitation over Europe. Due to the computationally prohibitive nature of running WRF the simulations are performed for a winter and a summer month (i.e., January and July 2015). The dynamical downscaling approach is following the two way nesting approach with grid resolutions of 108 km and 36 km with the finer nested domain covering the European region ( Figure 1 ). The initial set of simulations concerned the Microphysics parameterization schemes with all other parameterizations at their default values. The second simulation group explored the effect of the PBL schemes since it has no direct interactions with microphysics [9] (Figure 2) , followed by the Cumulus parameterizations which do not interact with PBL, the Longwave and Shortwave radiation schemes being independent of the previous ones and finally Land Surface schemes. Our simulation groups include most of the existing options the WRF model can offer. Any options that are not included in this study were either extremely time consuming, not being able to run with the model's multi-core mode, or did not produce an hourly output so they were excluded on the basis of not being on the same time scale with the rest. At the end of each simulation group, statistical measures for model's performance were calculated (Table 1) as well as a spatial distribution map of the mean bias was created. The estimation of these measures was conducted by comparison of the model's mean daily output to the E-OBS dataset from the EU-FP6 project ENSEMBLES provided by the ECA & D project for every grid cell (http://www.ecad.eu). Table 1 . Statistical measures representing each simulation.
Measure Formula
Mean bias ∑ ( − )
In order to identify the best parameterization option for each simulation group the TOPSIS (Technique for Order Preference by Similarity to the Ideal Solution) method was utilized. It is a multi-criteria decision analysis method summarized below. Our decision making approach focused on mean temperature prediction, being the variable best forecasted by numeric models and additionally, the effects of our scheme choices on precipitation were also assessed.
Technique for Order Preference by Similarity to the Ideal Solution
The TOPSIS method was first developed by Hwang and Yoon [10] with further developments by Yoon [11] and Hwang et al. [12] . It ranks the alternatives according to their distances from the ideal and the negative ideal solution, i.e., the best alternative has simultaneously the shortest distance from the ideal solution and the farthest distance from the negative ideal solution. Some of the advantages of TOPSIS methods are: simplicity, rationality, comprehensibility, good computational efficiency and ability to measure the relative performance for each alternative in a simple mathematical form. TOPSIS is a method of compensatory aggregation that compares a set of alternatives by identifying weights for each criterion, normalizing scores for each criterion and calculating the geometric distance between each alternative and the ideal alternative, which is the best score in each criterion. The TOPSIS process is carried out as follows:
Step 1: Creating an evaluation matrix consisting of alternatives and criteria.
Step 2: Normalizing the evaluation matrix.
Step 3: Calculating a weighted normalized decision matrix by determining the weights of the various factors. In this study Shannon's entropy theory [13] was adopted in order to calculate the weighting factors.
Step 4: Determining the positive-ideal solution (PIS) and the negative-ideal solution (NIS) by defining each of the criteria in use as positive or negative.
Step 5: Calculating the distance between the target alternative and (PIS) and the distance between the target alternative and (NIS).
Step 6: Calculating the Closeness Coefficient (CC) of each alternative. The coefficient is defined to determine the ranking order of each alternative.
Step 7: Determining the ranking order of all alternatives according to the closeness to the ideal solution which is based on the criteria we have inserted in the method and selecting the best or the worst one from the set of feasible alternatives.
Results and Discussion
Τhe various options of Microphysics parameterization schemes were assessed firstly keeping all other model options at their default values. The statistical measures were calculated for each simulation and were used as input for the multi-criteria ranking method. The TOPSIS ranking results as well as the statistical measures are shown in Τable 2. Option 17,the NSSL 2-moment Scheme [14] , has been chosen as the best Microphysics parameterization scheme: it is ranking 1st for temperature in July and 3rd for temperature in January. However, the two better schemes for temperature in January (i.e., CAM V5.1 2-moment 5-class Scheme and SBU Stony-Brook University Scheme) are not so good for temperature in July. In addition, option 17 presents one of the best performances for predicting mean precipitation for January. However, the selected scheme is not one of the best for predicting precipitation in July since this month has very low and location dependant precipitation rates in Europe. The NSSL 2-mom is a double moment scheme for cloud droplets, rain drops, ice crystals, snow, graupel, and hail, which has one prediction equation for mass mixing ratio (kg/kg) per species (Qrain, Qsnow, etc.) and a prediction equation for number concentration (#/kg) per species (Nrain, Nsnow, etc.). With the Microphysics option set to 17 we conducted the second set of simulations, assessing the PBL options provided by the WRF model. PBL options only work with certain Surface Layer options in the model so there were specific combinations of PBL/Surface Layer schemes to be used as presented in Table 3 . A PBL scheme's purpose is to distribute surface fluxes with boundary layer eddy fluxes and allow for PBL growth by entrainment. There are 2 classes of PBL schemes − Turbulent kinetic energy prediction (Mellor-Yamada-Janjic, MYNN, Bougeault-Lacarrere, TEMF, QNSE, CAM UW) − Diagnostic non-local (YSU, GFS, MRF, ACM2)
The Surface Layer schemes use similarity theory to determine exchange coefficients and diagnostics of 2 m temperature. Moisture and 10 m winds. They provide the exchange coefficient to the land-surface models, the friction velocity to the PBL scheme and surface fluxes over water points. These schemes have variations in their stability functions and roughness lengths. Τhe best performing options for temperature was option 8 for PBL which corresponds to the Bougeault-Lacarrere Scheme [29] in combination with option 1 meaning the MM5 Similarity [30] Surface Layer scheme. However, these options are not the best for precipitation. The Bougeault-Lacarrere Scheme is a turbulent kinetic energy (TKE) prediction scheme while the MM5 Similarity is based on Monin-Obukhov with Carslon-Boland viscous sub-layer and standard similarity functions.
The next simulation group focused on the Cumulus parameterization schemes shown in Table  4 . Convective parameterization schemes were designed to reduce atmospheric instability in the model. Prediction of precipitation is actually just a by-product of the way in which a scheme does this. Consequently, these schemes may not predict the location and timing of convective precipitation as well as we might expect. For climate models, the location and timing of precipitation is less important than for weather forecast models. The scheme that performed best for temperatures were the model's default Kain-Fritsch Scheme [31] (option 1) as well as the OSAS Old Simplified Arakawa-Schubert [32] (option 4). We decided to keep the model's default Kain-Fritsch Scheme (option 1) for the next simulation group since it is better for winter precipitation, as well. The Kain-Fritsch Scheme is a deep and shallow convection sub-grid scheme using a mass flux approach with downdrafts and CAPE removal time scale. It includes cloud, rain, ice and snow detrainment.
Longwave radiation schemes were the simulation group that followed. These schemes compute clear-sky and cloud upward and downward radiation fluxes and they consider IR emission from layers. Surface emissivity is based on land-type and flux divergence leads to cooling in a layer while downward flux at the surface is important in the land energy budget. IR radiation generally leads to cooling in clear air (~2 K/day), stronger cooling at cloud tops and warming at cloud base. The options provided by the model are shown in Table 5 . Looking at the ranking of the simulations that took place, the RRTMG Fast version Longwave Scheme [33] (option 24) had the top ranking in predicting mean temperature for both January and July and a relatively high ranking concerning precipitation in January. The RRTMG scheme is actually a new version of Rapid Radiative Transfer Model including the Monte Carlo Independent Column Approximation (MCICA) [34] method of random cloud overlap.
The Shortwave radiation schemes simulation group was assessed next according to the options of Table 6 . They compute clear sky and cloudy solar fluxes, including the annual and diurnal solar cycle. Most of them consider downward and upward (reflected) fluxes (Dudhia scheme only has downward flux). They consider primarily a warming effect in clear sky and they are a very important component of surface energy balance. The New Goddard Shortwave Scheme [35] (option 5) is one of the best schemes for simulating temperature for both months. However, this scheme is not among the best schemes for precipitation prediction. The final simulation group involved Land Surface parameterization schemes shown in Table 7 . A Land-Surface model predicts soil temperature and soil moisture in layers (4 for Noah and NoahMP, 6 for RUC, 2 for Pleim-Xiu) and snow water equivalent on ground. It also may predict canopy moisture only (Noah, NoahMP). The results show that land surface processes strongly affect temperature simulations which is a conclusion consistent with previous studies [5] , while precipitation remains relatively unaffected. Scheme performances varied, revealing their seasonal dependence. For winter temperature the Pleim-Xiu Land Surface Model [64] had the best statistical results, while the scheme performed poorly for summer mean temperature where the RUC Land Surface Model [62] performed best. The Pleim-Xiu Land Surface Model is a two-layer scheme with vegetation and sub-grid tiling, while the RUC Land Surface Model predicts soil temperature and moisture in six layers using multi-layer snow and frozen soil physics. Regarding precipitation, the Unified Noah Land Surface Model [61] gave the best results for January while performing the worst for July, where the default 5-layer Thermal Diffusion [60] presented the best results.
Spatial mean bias plots using the best option of all the schemes examined above are presented for temperature ( Figure 3 ) and precipitation ( Figure 4 ) along with the initial plots using model's default options. These plots will allow to assess spatial improvements for each option selected.
The approach followed here greatly increases the model's prediction ability for temperature ( Figure 3 ). Initial January simulations show significant deviations from the observed values with underestimations in central-east Europe, northern and central Italy, Greece and the Iberian up to three degrees Celsius. Overestimations are located mostly in Scandinavia reaching five degrees Celsius. Underestimations were also presented for almost all continental Europe in the initial July simulation reaching 4-5 °C in the Iberian Peninsula, France and Italy. Looking at the final simulations, it is obvious that almost all of the model's intense failures have disappeared. There is a convergence of the grid deviations and a general smoothing without severe failures. The confined regions for model's underestimation in January are located in central and northern Italy as well as the far east end of Europe, while model's overestimation is found again in Scandinavia. July prediction remains poor in a very small region of central Italy and north Spain with a relatively significant underestimation, while overestimation is found in south Hungary and in the Balkans, locally.
There is no particular model deviation trend for the precipitation during January. However, significant underestimation is noticed locally in central UK, central Italy and Greece ( Figure 4 ) and overestimation in central and North UK, north Italy, east Scandinavia and some parts of the Balkans. During July underestimation is noticed in central and Eastern Europe, locally while overestimation is found in Italy, west Greece and eastern Spain, locally. Although the strategy we pursued had the improvement of the temperature forecast as a central axis, we can see that the forecast for average precipitation has also improved to a certain extent. 
Conclusions
PBL Bougeault-Lacarrere Scheme [29] in cooperation with the MM5 [30] Surface Layer Scheme had the best performance in predicting January and July temperature and a moderate rank for precipitation. The Yonsei University Scheme [36] is the second best choice as far as temperature prediction is concerned and winter precipitation too. If our strategy had precipitation prediction as its main axis, then the MRF/MM5 [48] / [30] combination (option 99) would be the choice we would have made.
The default Kain-Fritsch Scheme [31] gave the best results as the Cumulus parameterization scheme similar to the OSAS Old Simplified Arakawa-Schubert [32] ranking but the first was our shceme of choice as it performed better for January precipitation.
RRTMG Longwave fast version Scheme [33] scored the highest for temperature prediction and moderately for precipitation. The non-fast version of the RRTMG scheme would be our choice if our steps were precipitation driven. For shortwave radiation scheme we chose the New Goddard [35] which had a similar performance with the CAM Scheme [56] . The spatial distribution improvement of the New Goddard scheme was far better for July temperature prediction establishing it as our choice. The GFDL Shortwave Scheme [58] had the highest rank in predicting precipitation for both January and July.
Our final simulation group assessed the effect of the Land Surface model Pleim-Xiu Land Surface Model [64] performed best in predicting January temperature but poorly for July where the RUC Land Surface Model [62] produced the best results. As far as precipitation is concerned Unified Noah Land Surface Model [61] and the 5-layer Thermal Diffusion [60] performed best for January and July precipitation, respectively. To set up the model for a multiseasonal downscaling study one should choose the best performing Land Surface model for each season.
